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Conventional agriculture harms the environment and threatens sustainability. To address these issues, sustainable agricultural practices (SAPs) have become imperative. This study utilizes a meta-analysis approach to comprehensively assess empirical studies, investigate the impact of SAPs on crop productivity, identify influencing factors, and examine their temporal evolution. The findings reveal that (1) SAP adoption significantly and positively influences crop productivity, with multiple practices exhibiting the most substantial impact, followed by sustainable agricultural technology. Individuals who adopted SAPs achieved crop productivity that was 980 kilograms per hectare higher than those who did not. (2) Factors such as age, farm size, family size, livestock units, credit access, off-farm income, market distance, and cooperative membership negatively affect crop productivity, whereas education and extension services have a positive impact. (3) The positive effects of education and extension services on crop productivity strengthen over time. The strengthening of these variables over time implies a gradual increase in farmer awareness, access to resources, and adoption of SAPs, highlighting their evolving role in driving them. Accordingly, none of the past researchers identified any patterns in the variables influencing crop productivity. Therefore, promoting SAP adoption and prioritizing education and extension services can offer farmers with experience and support, thereby enhancing crop productivity. Future initiatives should therefore combine interdisciplinary methods, technology, and community involvement for ensuring SAP’s sustainability and scalability.
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1 Introduction

The second objective of the United Nations Sustainable Development Goals (UNSDG-2) aims to eradicate hunger and achieve global food security by the year 2030 (Kumar and Pant, 2023). However, the planet’s swiftly changing climate, marked by more severe and unpredictable weather patterns, poses a significant threat to crop yields (Singh et al., 2023; Kassa and Abdi, 2022; Mpanga et al., 2020). Agriculture, as the backbone of global food production, therefore faces a myriad of challenges in the 21st century. The need to feed a growing population, coupled with concerns about environmental sustainability, has spurred a shift toward re-evaluating traditional farming practices. Traditional methods, known for their intensive use of chemical inputs and monoculture, have faced scrutiny due to their potential implications for soil degradation, water pollution, and biodiversity loss (Mgomezulu et al., 2023a; Naik et al., 2024; Wolka et al., 2023). In light of these circumstances, the embracing of sustainable agricultural practices (SAPs) has gained momentum as a viable strategy to strike a balance between the necessities of food production, conservation of the environment, and economic sustainability (Javan and Darestani, 2024; Simutowe et al., 2024; De Corato et al., 2024).

Sustainable farming practices encompass a range of approaches designed to harmonize agricultural activities with ecological processes (Manson et al., 2024; Li et al., 2024; Han and Niles, 2023). Organic farming, one of the most recognized sustainable practices, eschews synthetic fertilizers and pesticides in favor of natural inputs, emphasizing soil health and biodiversity (Hough and Contarini, 2023; Naik et al., 2022). Agroecology, another prominent paradigm, integrates ecological principles into agricultural systems, considering farms as ecosystems and promoting biodiversity, resilience, and resource use efficiency (Zeng et al., 2023; Venn and Burbi, 2023; Roques et al., 2023). Precision agriculture, on the other hand, leverages tools to optimize inputs, reduce waste, and enhance the precision of farming operations (Avola et al., 2024; Sanaeifar et al., 2023; Karydas et al., 2023). Beyond environmental concerns, the economic sustainability of farming practices is a critical dimension. Sustainable agriculture is often posited to be economically viable in the long term, with potential benefits such as reduced input costs, improved resilience to environmental shocks, and enhanced market opportunities for sustainably produced goods (Sukayat et al., 2023). However, the economic implications of different sustainable farming practices need careful consideration, as they may vary across contexts and farming systems.

The necessity of embracing sustainable farming practices extends globally, despite their limited adoption rates (Chao et al., 2024; Benitez-Altuna et al., 2024; Oyetunde-Usman et al., 2021). With the projected global population surpassing 9 billion by 2050, there is a considerable increase in food demand (Wagner et al., 2023). Concurrently, the agricultural sector faces challenges associated with climate change, dwindling resources, and the imperative to diminish its environmental impact (Sinore and Wang, 2024). Sustainable agriculture is seen as a key strategy for managing these challenges, as it offers a pathway for improving resilience, mitigating environmental impacts, and fostering economic sustainability for farmers (Mgomezulu et al., 2023a). Nevertheless, the acceptance of sustainable agricultural methods is influenced by different factors, including socioeconomic circumstances, cultural conventions, and agroclimatic differences (Bojago and Abrham, 2023; Belay et al., 2023; Nigus et al., 2024; Adhikari and Thapa, 2023). While some regions have embraced organic farming as a means to enhance environmental and human health (Merot and Smits, 2024; Liu et al., 2024), others have invested in precision agriculture technologies to optimize resource use (Zain et al., 2024; Mossie, 2022; Xie and Huang, 2021). Agroecology, with its emphasis on local context and community involvement, has gained prominence in regions seeking to enhance resilience through diversified agricultural systems (Caicedo-Vargas et al., 2023; Bezner Kerr et al., 2023). Understanding these regional variations is crucial for tailoring sustainable agricultural interventions to specific needs and challenges.

In sub-Saharan Africa, SAPs are vital for addressing low productivity, poverty, and land degradation, yet adoption remains limited (Mutyasira et al., 2018; Liben et al., 2018; Corbeels et al., 2014; Teklewold et al., 2013). Ethiopia, endowed with a rich agricultural heritage, grapples with challenges related to food security and environmental sustainability. Ethiopian farmers face a range of environmental and socio-economic challenges that hinder agricultural productivity and sustainability. Environmental issues such as soil degradation, deforestation, and erratic rainfall patterns due to climate change have significantly reduced the quality and availability of arable land (Adgo et al., 2013; Dawid Mume et al., 2023). Socio-economically, limited access to credit, markets, and agricultural inputs, coupled with low levels of education and extension services, further constrain their ability to adopt improved practices (Ayele and Tarekegn, 2020; Ayenachew and Abebe, 2024; Yigezu Wendimu, 2021; Zerssa et al., 2021). These challenges underscore the need for sustainable agricultural practices (SAPs), yet historical adoption rates in Ethiopia remain relatively low (Kudama et al., 2021; Tariku and Kebede, 2024). Addressing these barriers is critical to enhancing resilience and productivity in the Ethiopian agricultural sector.

In recent years, the implementation of sustainable agricultural practices has emerged as a vital strategy for addressing these issues, with the Ethiopian government actively promoting SAP initiatives to enhance agricultural productivity (Alemu et al., 2023; Schmidt and Tadesse, 2019). This shift toward sustainable agriculture is motivated not only by the target of enhancing crop productivity but also by the necessity of alleviating the adverse effects of traditional farming on the environment (Kakiso, 2023). Research by Asfew et al. (2023) illustrates that sustainable farming practices contribute to enhanced soil structure, increased water retention, and improved nutrient availability, positively impacting crop yields. According to a different study (Erkossa et al., 2018), applying integrated soil and water conservation widely can help to improve productivity and revers negative trends. Additionally, as noted by Edwards (2020), applying agro-ecological concepts can lead to a more adaptive and resilient agricultural system that is better able to endure extreme weather events and climatic unpredictability. Soil and water conservation (SWC) was the most widely adopted practice, with an average adoption rate of 61.5%, followed by integrated soil fertility management (56.5%) and agroforestry (48.8%). Over 80% of these contributions originated from the Oromia, Amhara, and Southern Nations, Nationalities, and Peoples’ regions, while other regions showed minimal significance (Abegaz et al., 2024). Therefore, the adoption of sustainable agriculture practices in Ethiopia holds great potential for improving crop output and resolving social and environmental issues at the same time (Etensa et al., 2024; Lejissa et al., 2023).

Several research endeavors have explored the effect of SAPs on crop productivity, particularly in the context of Ethiopia (Gebeyehu, 2023; Zegeye et al., 2023; Zeweld et al., 2020; Adego et al., 2019). While individual studies contribute valuable information, no comprehensive meta-analysis of SAPs, particularly with crop productivity, has been done in Ethiopia. These investigations, which were conducted across diverse geographical locations and agroclimatic zones, offer a wealth of data and insights. Amede et al. (2023), Abesha et al. (2022) and Yigezu Wendimu (2021) note a lack of consensus between researchers and between researchers and government policies in the country. Moreover, trends in the factors influencing the productivity of crops were overlooked. Therefore, this meta-analysis aims to address existing knowledge gaps by systematically reviewing and synthesizing studies conducted over the past decade in Ethiopia. Through this approach, we aim to provide a nuanced perspective on the relationship between SAPs and the productivity of crops, the determinants of crop productivity, and the trend of these effects over time.



2 Materials and methods


2.1 Data sources

Our data originate from the findings presented in published journal articles that explore the effect of SAPs on crop productivity in Ethiopia. This study gathered data from diverse databases including Elsevier, Springer Link, Web of Science, the Wiley Online Library, Google Scholar, and the online library of Northwest Agricultural and Forestry University, among other sources. Throughout the search period, we employed the terms “sustainable agricultural practice/s” along with alternative terms such as agroforestry, crop rotation, cover crops, integrated pest management, soil enrichment, urban agriculture, permaculture, better water management, biodiversity, conservation tillage, organic farming, polycultures, renewable resources, water conservation, natural pest eliminators, better incomes for farmers, precision agriculture, soil structure and fertility, biological pest control, sustainable farming techniques, food forests, crop diversity, and others to identify the original studies. To ensure the quality of the selected studies, we selected peer-reviewed journals. The sampling period spans from 2005 to 2024, the time of manuscript preparation. We could not obtain relevant and suitable data from reputable journals before 2005.

After applying the inclusion and exclusion criteria (Figure 1), we done a systematic review of pertinent studies identified during the literature search to perform the meta-analysis. Initially, a total of 4,153 original research articles were identified, but 2,997 were deemed irrelevant to SAPs and were excluded as potential data sources. Subsequently, after looking over the abstracts and titles of the remaining 1,156 articles, 1,005 nonempirical studies and studies conducted in other countries were eliminated. In the next step, 151 studies underwent a full-text suitability evaluation. Of these, 105 studies were excluded because they did not allow for the calculation of effect sizes for crucial variables. Furthermore, in the comprehensive examination of the full texts, five studies referenced in the original sources but not initially identified in the initial search were included. Ultimately, 51 studies were selected for inclusion in this meta-analysis based on their fulfillment of the predetermined inclusion and exclusion criteria. As a result, every study that is included is a quantitative primary study (observational studies) conducted in Ethiopia.

[image: Figure 1]

FIGURE 1
 Process flow chart for screening the literature based on PRISMA guideline.




2.2 Coding of data and selection of variables

The data encoding process followed the procedure proposed by Xie and Huang (2021) and was based on the guidelines presented by Hansen et al. (2022). Initially, the study characteristics and effect sizes were identified. Individual study characteristics, such as authorship, publication year, journal, types of SAPs, sample size, research area, and research methods, were independently recorded. Similarly, effect size data included regression coefficients of relevant variables and standard errors/deviations. Following the rule of thumb, variables appearing in at least 5 out of the 51 selected papers’ regression analyses were chosen. This resulted in the selection of a total of 11 variables categorized into four groups for use in the meta-analysis (see Table 1). To ensure coding accuracy, a subset of documents from this study was randomly selected and re-encoded by other authors, and a consensus was reached through discussions.



TABLE 1 Description of variables and their theoretical expectations.
[image: Table1]



2.3 Methods of data analysis

The meta-analysis commonly employs three models: the common-effect model, the random-effect model, and the fixed-effect model. In light of the observed substantial heterogeneity among the studies, this study chose to employ a random effects meta-analysis model. This approach is appropriate when heterogeneity is evident, assuming variations in study effect sizes, and the gathered studies signify a random sample from a broader population. A random-effects model yields results that are relevant to the whole set of related investigations, extending beyond those specifically chosen for the meta-analysis. Consistent with recommendations in the meta-analysis literature, the default approach for estimating between-study variance ([image: image]) is the restricted maximum likelihood (REML) method. The restricted maximum likelihood is a statistical method used to estimate variance components in mixed models. Unlike ordinary maximum likelihood, REML accounts for the loss of degrees of freedom when estimating fixed effects, providing unbiased estimates of random effects and variances. It is widely used in fields like agriculture, genetics, and econometrics (Johnson and Thompson, 1995). This approach is widely used in real-world applications because it provides an objective, nonnegative estimate of between-study variance (Raudenbush, 2009). The meta-analysis procedure encompasses the determination of the mean effect, testing for heterogeneity, executing meta-regression analysis, and conducting cumulative meta-analysis. The detailed steps of the adopted analysis process are described below:

a   Effect size determination

In accordance with Raudenbush (2009), the effect size (ES) can be computed by utilizing standard mean differences. The standard mean difference (SMD) is commonly used in meta-analyses to synthesize results from studies with different measurement scales, providing a dimensionless measure of effect size. The effect size (ES) and pooled standard deviation ([image: image]) were calculated as follows in Equations 1, 2:

[image: image]
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In the provided equations, [image: image] represents the mean value of the treatment group, [image: image] represents the mean value of the control group, [image: image] signifies the variance of the treatment group, and [image: image] signifies the variance of the control group.

The restricted maximum likelihood (REML) used for estimation is specified as follows in Equation 3:

[image: image]

b   Heterogeneity test

When there is intrinsic variance in the effect size estimates from individual research, heterogeneity occurs. A heterogeneity test in meta-analysis assesses whether the variation in effect sizes across studies is greater than expected due to random chance alone. It determines if the observed differences in study results arise from true variability in effects (e.g., differences in study populations, interventions, or methodologies) rather than random sampling error. Two types of heterogeneity were identified: methodological heterogeneity, arising from differences in study design and conduct, and clinical heterogeneity, stemming from variations in participants, treatments, and exposures or outcomes. Statistical heterogeneity, as defined by the authors, exists when observed effects differ between studies, often resulting from clinical and methodological differences or a combination of both as explained in Equations 4, 5 (Deeks et al., 2019).
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In this study, Galbraith plots were employed for a more visual assessment of heterogeneity, presenting an alternative to forest plots. Additionally, Q statistics, [image: image]and [image: image] were used to quantify heterogeneity following the approach of (Higgins and Thompson, 2002).

[image: image] values of 25, 50, and 75%, in accordance with the criteria set forth by Higgins et al. (2003), indicate low, moderate, and high heterogeneity, respectively. In light of the significant [image: image] value that we observed in our study, which is a significant amount of heterogeneity, we performed a thorough meta-regression analysis. In addition, we performed in-depth subgroup analyses on moderating variables (Table 2) to fully explore and address the sources of heterogeneity that were apparent in the meta-analysis results.

c   Publication bias test and correction



TABLE 2 Variables used in subgroup analysis.
[image: Table2]

When studies that are not involved in the meta-analysis consistently differ from those that are, this is known as reporting bias. One popular method for examining publication bias is funnel plots (Sterne et al., 2005). The asymmetry of the funnel plot can be more formally examined using statistical tests since the graphical interpretation of funnel plots can be subjective. Therefore, publication bias was also found using the trim-and-fill method, a nonparametric rank-based test (Begg and Mazumdar, 1994). The trim-and-fill method is a statistical technique used in meta-analysis to assess and adjust for publication bias. It identifies asymmetry in a funnel plot, which may indicate missing studies (often unpublished or with non-significant results), and “trims” the asymmetric studies to estimate the true effect size. Then, it “fills” the plot with imputed missing studies to create a more symmetric funnel plot, providing an adjusted overall estimate of the effect size. This method helps improve the robustness and reliability of meta-analytic conclusions (Duval, 2005; Mavridis and Salanti, 2014). Usually, this technique is applied as a sensitivity analysis to evaluate how possible publication bias affects meta-analysis findings.

d   The meta-regression

The goal of meta-regression is to examine and clarify between-study heterogeneity by utilizing a study-specific random effect model as a representation of the moderators. With a variance of [image: image], which represents the remaining unexplained between-study heterogeneity, and a mean of zero, it is believed that these random effects are normally distributed. The influencing factors of crop productivity were analyzed through meta-regression, assuming the calculated mean effect and explanatory variables described in Table 1. The meta-regression function is specified as follows in Equation 6:
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[image: image], where [image: image] and [image: image]

e   Cumulative meta-analysis

To investigate how factors influencing the productivity of crops evolve over time and affect the effect size of individual studies, a cumulative meta-analysis was performed. A graph is created to show shifting research patterns, and the year of publication is utilized for cumulative purposes, taking into account the sample size and accuracy of the data gathering period.




3 Results


3.1 The impact of SAP adoption on the productivity of crop

By applying a random effects model analysis, Figure 2 shows the effects of adopting SAPs on crop productivity in Ethiopia’s rural districts. According to the model’s findings, the pooled difference in means was 0.98, indicating that the crop productivity for individuals who adopted SAPs was 980 kilograms (0.98 tons) per hectare greater than that for people who did not use SAPs. The true mean difference in the universe of studies may be within the range indicated by the confidence interval for the mean difference, which spans from 0.61 to 1.35 tons. Crucially, the fact that a difference of zero is not included in this range suggests that the actual difference is probably not zero. With a p value of 0.00 and a z value of 5.17 for the summary effect, the null hypothesis which claims that there is no true mean difference, can be ruled out. This rejection implies that the mean crop productivity is not the same in both groups (adopters and nonadopters of SAPs), and it is greater in the adopter group.

[image: Figure 2]

FIGURE 2
 Forest plot of the effect of SAP on crop productivity.


The vertical line is the effect size line; the shapes on the line are the effect size of each study; and the pink color is the overall effect size. Effect size is measured in ton.

The findings presented in Table 3 indicate that adoption of sustainable agricultural technology accounts for 43% of SAPs in the nation, with conservational practices closely following 24%. The country also adopts a variety of SAPs, irrigation, and other agronomic practices. Wheat is the most highly cultivated crop (37%) under SAPS adoption in Ethiopia. Maize, other crop types, and teff, account for the next-greatest share of the country.



TABLE 3 Frequency of SAP types and crop types.
[image: Table3]



3.2 Heterogeneity test

As shown in Figure 2, the heterogeneity statistic ([image: image]) was approximately 69%. Only 31% of variability in effect sizes is due to sampling, while 69% stems from differences among studies. This [image: image] score is consistent with significant heterogeneity according to Higgins et al. (2003) classification. Strong statistical evidence of substantial between-study heterogeneity is provided by the homogeneity test, which is shown by the 295 Q test statistic with a 0.00 p value. Furthermore, the Galbraith plot Galbraith (1988) serves as a valuable tool for evaluating the heterogeneity of studies and identifying potential outliers.

Figure 3 uses the reference black line (y = 0) as a benchmark to show the case where crop yield in adopters and nonadopters is the same or very similar, a “no-effect” line. A circle above the graph indicates that crop productivity is greater for SAP adopters than for nonadopters, and vice versa. As was covered in the section above, our research does show that crop productivity is greater in SAP adopters than in nonadopters.

[image: Figure 3]

FIGURE 3
 Heterogeneity test of the Galbraith plot.


Regression line across the origin, whose slope equals the estimate of the overall impact size, represents the overall mean of crop productivity. This line is colored red. Larger impact size estimates are seen in studies that are above the regression line than in those that lie below it. If there is no significant heterogeneity, we expect that approximately 95% of the studies will fall within the 95% confidence interval (CI) region, which is represented by the shaded area. In our analysis, 1 of the 51 trials did not fall inside the CI. As a result, the results of the random effects model should address probable causes of the discrepancy among studies. To determine the sources of heterogeneity, subgroup meta-analysis and meta-regression were then performed.



3.3 Subgroup meta-analysis

A subgroup meta-analysis was carried out according to several parameters, such as the kinds of SAPs and the crops and regions in Ethiopia that produce crops. After subgroup analysis, there was no significant variation among studies because of the absence of heterogeneity.

SAP types were the subject of one of the subgroup analyses. The test of group differences revealed statistical significance, as shown in Table 4, suggesting that the means of the differences between the subgroups (conservation, technology, terracing, irrigation, multiple practices, and other agronomic practices) were significantly different from one another. With a mean difference of 2,960 kilograms per hectare greater than that of nonadopters, multiple sustainable practices appear to have the greatest effects on agricultural productivity among Ethiopian adopters. Crop productivity increases by 1,459 kilograms and 600 kilograms, respectively, for adopters of sustainable agriculture technology and irrigation techniques. This beneficial effect demonstrates the important role that agricultural technology plays in producing food in a sustainable manner. The mean difference in crop productivity for conservational practices, terracing, and other agronomic techniques was positive but not statistically significant among crop producers. In this subgroup, low heterogeneity (I2 = 0.00%) suggested relatively low variability among studies, which is explained by improved crop production stability as a result of all these sustainable practices (Sun et al., 2024; Vitali et al., 2024).



TABLE 4 Subgroup meta-analysis results by SAP type.
[image: Table4]

The subgroup analysis based on the region of crop production in Table 5 shows the absence of heterogeneity, suggesting greater consistency in the studies. Accordingly, crop productivity is high in the Oromia region, which is on average 1998 kilograms per hectare for the adopters of SAPs. SAP has also had a significant positive impact in the regions of Amhara and Tigray. In Southern Nation Nationality People (SNNP) and other regions of Ethiopia, the impact of SAP adoption has a positive impact with nonsignificant results. The crop type subgroup meta-analysis in Table 6 reveals a positive impact of SAPs on each crop, with the productivity of wheat showing the greatest impact, followed by that of maize.



TABLE 5 Subgroup meta-analysis results by region.
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TABLE 6 Subgroup meta-analysis results by crop type.
[image: Table6]

The test of group differences for both region type and crop type in subgroup meta-analysis revealed significant differences, suggesting that the effect does significantly differ among regions and crop types. Subgroup analysis revealed diverse effects of various SAPs on crop productivity. Policymakers, in addition to practitioners, may consider tailoring interventions based on specific sustainable practices that exhibit positive impacts in the given context. Moreover, future research should delve into the reasons behind the observed heterogeneity, explore additional sustainable practices, and consider contextual factors influencing the effectiveness of these practices, providing valuable insights for further development.



3.4 Factors influencing crop productivity

The primary objective of this meta-regression is to pinpoint the origins of heterogeneity and identify the determinants of crop productivity. The results underscore the diverse and interconnected nature of factors influencing crop productivity, encompassing demographic, resource ownership, institutional, and social aspects. Approximately 11 of the variables used in the original research were used consistently throughout the majority of the investigations. Tailoring agricultural interventions and policies to address these specific factors can significantly enhance productivity and contribute to promoting sustainable farming practices. A comprehensive approach considering the interplay of these variables is crucial for fostering agricultural development and ensuring food security.

Following the meta-regression analysis incorporating various characteristics, the level of heterogeneity was reduced to a low (5.83%) level. This suggests that real heterogeneity, as opposed to sampling error, accounts for a relatively tiny portion of the observed variability. Although this value suggests a low level of heterogeneity between studies, it also implies that the majority of the observed variability is influenced by factors other than heterogeneity. In a meta-regression context, the R-squared number indicates the percentage of the total variance that the model accounts for. With a high R-squared of 96.61%, the model may enlighten considerable portion of the variation in crop productivity reported in the included studies. Furthermore, the Wald chi-square test and its associated p value confirm the overall significance of the model. Table 7 presents the variables utilized in this meta-analysis, along with estimated mean effects and their respective significance levels.



TABLE 7 Factors affecting crop productivity as determined by meta-regression analysis.
[image: Table7]



3.5 Publication bias

When a study’s statistical significance affects whether or not to publish its findings, it is known as publication bias, and it is a serious risk in meta-analyses. We used the Begg and Mazumdar (1994) technique to address publication bias in this study. We employed the trim-and-fill approach for a formal test and a funnel plot for visual evaluation. Evaluating the possible influence of publication bias on the study outcomes is the main goal of this investigation.

With a 95% confidence interval spanning from 0.61 to 1.35, the average effect size, based on the 51 studies taken into consideration, is 980 kilograms per hectare, as shown in Table 8. None of the hypothetical studies are anticipated to be missing, according to the results of the trim-and-fill technique model. This means that no more studies were included in the meta-analysis to address the asymmetry in the results, as indicated by the imputed value of zero. A symmetrical and inverted funnel shape is also shown in the funnel plot in Figure 4, which suggests that the studies are dispersed equally around the overall effect size.



TABLE 8 The trim-and-fill method results in publication bias.
[image: Table8]
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FIGURE 4
 Funnel plot analysis of publication bias.




3.6 Cumulative meta-analysis

The cumulative meta-analysis proves valuable in monitoring the evolving trend in overall effect size estimates by incrementally adding studies over time. This method helps to find situations when time is the ordering variable and the effect size’s direction or magnitude may change (Daly and Soobiah, 2022). Initially, we performed a cumulative meta-analysis as part of our investigation to examine the changing patterns in how the adoption of SAPs affects crop yield. The results are illustrated in Figure 5, which depicts a cumulative meta-analysis plot spanning the years.

[image: Figure 5]

FIGURE 5
 Cumulative meta-analysis trends of all studies.


The positive and ascending trajectory in the cumulative effect size signifies an increasing source of evidence supporting the positive influence of implementing SAPs on the productivity of crops. This encouraging outcome suggests that with an increasing number of studies, there is a consensus favoring a beneficial relationship between sustainability measures and improved crop yields. Notably, in recent years, the effect size has demonstrated an upward trend with minor fluctuations, possibly attributed to uncertainties or methodological diversity in the studies. Education and extension services emerge as major contributors to this stabilization, as depicted in Figure 6. The pronounced effect of education and extension services on agricultural outcomes over time can be attributed to several key mechanisms. Education enhances farmers’ knowledge and awareness of sustainable agricultural practices (SAPs), empowering them to make informed decisions and adopt improved techniques. Extension services play a critical role in bridging the gap between research and practice by disseminating innovations, providing technical support, and improving access to critical resources such as seeds and fertilizers. Additionally, regular training and advisory programs build farmers’ skills and confidence, enabling the effective implementation of SAPs. Over time, these interventions also foster the development of social networks for knowledge sharing, further driving community-wide adoption and long-term productivity improvements (Obsi Gemeda et al., 2023; Nigus et al., 2024; Karim et al., 2024; Tega and Bojago, 2024; Zeweld et al., 2020). While the trends for other variables were deemed insignificant and are not presented here, they can be made available upon request.

[image: Figure 6]

FIGURE 6
 Cumulative meta-analysis trends of education and extension services.


A vertical line from above to zero is a ‘no effect’ line; small horizontal lines and dots represent the mean difference and effect size, respectively.




4 Discussion

Farmers stand to benefit from adopting any sustainable agricultural practice to enhance production per unit of input utilized. These results are consistent with studies by Chao et al. (2024), De Corato et al. (2024), and Mutyasira et al. (2018), which indicate that in addition to increasing productivity, SAPs are essential for increasing producer welfare and food security. As a result, it is essential to increase the amount of experience and information that is disseminated about SAPs using a variety of platforms, which include field demonstrations, extension visits, training courses, and media campaigns. By reducing dis-adoption and ensuring sustained acceptance, this strategy seeks to support the larger-scale sustainable development of agriculture (Mgomezulu et al., 2023b).

Subgroup meta-analysis has also confirmed that SAPs, including multiple practices, technology, conservation practices, irrigation, terracing, and other agronomic practices, are essential in enhancing crop productivity in Ethiopia. Among these SAPs, multiple sustainable practices, eco-friendly agricultural technologies, and irrigation techniques play a crucial role in enhancing crop production. Crop type variations indicate that the productivity of wheat and maize benefits significantly from SAP application. Additionally, regional differences in Ethiopia reveal that SAPs have a positive impact on crop productivity in Oromia, Amhara, Tigray, and the Southern Nations, Nationalities, and Peoples’ (SNNP) regions. The targeted government initiatives and projects promoting SAPs in these regions have amplified their impact, leading to improved productivity and resource management. These show that variations in crop types, SAP types, and regions of production limit the generalizability of the results. It emphasizes how implementing different sustainable agriculture methods can significantly increase crop output while considering Ethiopia’s varied agro-ecological zones and climate unpredictability. It addresses soil degradation and water scarcity and enhances smallholder resilience, aligning with traditional farming methods and government initiatives for sustainable agriculture. This result aligns with Zegeye et al. (2023), Gashure et al. (2022), and Zeweld et al. (2020). Consistent with our findings, studies in other areas also confirm that the application of different SAPs significantly enhances crop productivity, nutrient use efficiency, and soil health (Naik et al., 2022, 2024).

The negative coefficient for age suggests that as farmers’ age increases by 1 year, crop productivity tends to decrease by 376 kilograms per hectare, ceteris paribus. This decline may be attributed to older farmers facing physical limitations, reduced energy levels, or adherence to outdated farming practices, leading to reluctance to adopt new technologies and innovative agricultural methods. Due to their greater likelihood of education and longer planning horizons, younger farmers are more likely to apply SAPs, which boost their output. This finding aligns with the works of Zeweld et al. (2020) and Adego et al. (2019). Education increases crop productivity by 413.58 kilograms per hectare. Well-educated farmers are more prone to adopting modern agricultural techniques, efficient farming practices, and utilizing available resources effectively, leading to higher productivity. The application of SAPs is encouraged by education, which gives farmers the knowledge and skills they need to make informed decisions. This outcome agrees with Gebeyehu (2023). A negative relationship between family size and crop productivity suggests that smaller family sizes have greater crop productivity, with a difference of 167 kilograms per hectare compared to larger family sizes. Smaller families may benefit from more resources and time available per capita, enabling better farm management, attention to detail, timely decision-making, and effective resource utilization, resulting in higher productivity. This finding is supported by Shallo (2020).

Larger farm sizes are associated with lower crop productivity, with a decrease of 55 kilograms per hectare when the farm size increases by 1 hectare. Managing larger areas efficiently and potential issues with resource allocation could pose challenges, whereas small to medium-sized farms might benefit from more focused attention and resources per unit of land. This finding aligns with the findings of Abebe and Bekele (2014). The negative coefficient for TLU implies that an increase of one TLU is linked to a decrease in crop productivity of 125.62 kilograms per hectare. Livestock farming, which is resource intensive, may compete for land and resources that could otherwise be dedicated to crop cultivation. A reduction in TLU could free up resources for crop production, positively impacting productivity. This is consistent with the study conducted by Mossie (2022). Engagement in off-farm activities negatively correlates with crop productivity, with a decrease of 30 kilograms per hectare for every increase of one birr (0.018 dollars) in income from off-farm activities. Farmers who engage in nonfarm pursuits could find it difficult to dedicate their time and attention to agricultural duties, particularly those involving SAPs. Crop management may receive less attention when off-farm work and agricultural obligations are balanced, which can diminish output. This is in line with what Gashure et al. (2022) found.

Increased credit availability is associated with lower crop productivity, with a decrease of 30.51 kilograms per hectare, holding other factors constant. While credit can be a vital resource for farmers, excessive reliance without proper planning or utilization may lead to inefficient practices or overextension. Mismanagement of credit can result in lower productivity due to increased debt burdens. To pay back credit, farmers revealed that they frequently spent less time on SAPs and more time on nonfarm activities. The findings of Zegeye et al. (2023) and Adego et al. (2019) are in line with this outcome. An increase in the market distance of 1 kilometer or 1 h is associated with a decrease in crop productivity of 60.54 kilograms per hectare when other factors remain constant. Longer distances to markets can lead to higher transportation costs, delays in selling crops, and increased postharvest losses. Farmers closer to markets may have better access to buyers, infrastructure, and market information, which positively impacts crop productivity. Gashure et al. (2022) reported a similar finding. Access to extension services is positively associated with increased crop productivity, with an increase of 19.46 kilograms per hectare, holding other factors constant. Households with access to extension services receive valuable information, training, and support, leading to improved crop productivity. Farmers with access to extension services are more likely to adopt new technologies and best practices, which will boost output. A study by Adego et al. (2019) provided support for this finding.

Cooperative membership is negatively associated with crop productivity, with households that are cooperative members having lower crop productivity by 27.53 kilograms per hectare, holding other factors constant. Cooperative membership may involve resource sharing and collective decision making, particularly regarding the adoption of SAPs. However, challenges such as coordination issues, conflicts of interest, or uneven distribution of benefits within the cooperative can negatively impact individual farmers’ productivity. This result aligns with the studies conducted by Gashure et al. (2022).

The increasing trend in education (Figure 6) is evident over time, driven by various recent initiatives in the country. Factors contributing to this trend include individuals’ attitudes toward formal or informal learning, enhanced dietary diversity for children, a rapid overhaul of preprimary education, and nutrition education interventions (Adugna et al., 2024; Kim et al., 2023; Kim, 2022; Mengistie, 2022; Zikargae et al., 2022). This emphasis on education within the context of sustainable agriculture underscores the acknowledgment of the pivotal role played by knowledge and awareness in achieving positive outcomes in crop productivity. This trend can manifest in various forms, including formal education programs, workshops, training sessions, and educational materials targeting farmers, agricultural practitioners, and relevant stakeholders (Karim et al., 2024; Xie et al., 2023; Luh et al., 2023). Well-informed farmers are more likely to make decisions aligned with sustainable practices, understanding principles such as agro-ecology, soil and water management, organic farming, conservation tillage, integrated pest management, and other relevant approaches, ultimately contributing to enhanced crop productivity (Tega and Bojago, 2024; Zeweld et al., 2020; Ninh, 2021). Future educational efforts could benefit from tailoring programs to address specific regional needs and tackle emerging challenges in agriculture. The integration of technology and digital platforms may be explored to achieve wider dissemination of information. Sustainable agriculture education programs can be strengthened even further by cooperative efforts between academic institutions, authorities, and organizations that are not governmental.

The increasing trend in extension services (Figure 6) is indicative of a growing understanding of how critical it is to provide farmers with on-going help and direction. Extension services entail delivering science-based information, technical assistance, and practical advice to farmers, aiding them in adopting sustainable practices and enhancing overall farm management (Nigus et al., 2024; Obsi Gemeda et al., 2023; Ogola et al., 2023). Timely and pertinent advice on crop management, pest control, and sustainable practices can significantly contribute to increased crop productivity (Yitayew et al., 2023; Girma and Kuma, 2022; Yitayew et al., 2021). Ethiopia has experienced the positive impact of extension services (Gebresilasse, 2023). Therefore, the future of extension services may involve leveraging technology for more efficient and widespread information dissemination. Mobile apps, online platforms, and remote sensing technologies could enhance the reach of extension services, especially in remote or underserved areas. Collaborative endeavors between extension services and other institutions can ensure that the latest advancements in sustainable agriculture are effectively communicated to farmers (Cai et al., 2024; Cai et al., 2023; Abate et al., 2023; Demem, 2023; Kabir et al., 2023; Anang et al., 2020).

The findings of this study reveal that SAPs significantly improve crop productivity in Ethiopia, aligning closely with national agricultural policies like the Growth and Transformation Plans (GTPs), which emphasize sustainable intensification and land restoration (FDRE Planning and Development Commission, 2021). This underscores the effectiveness of policy-driven initiatives in promoting SAP adoption. Furthermore, while Ethiopia’s adoption rates are comparatively lower than regions such as Asia, where SAP integration is more advanced, the observed productivity gains mirror global trends, highlighting the transformative potential of SAPs in enhancing agricultural efficiency within resource-limited contexts.



5 Conclusion

This work employs a meta-analysis, in contrast to previous research on SAP adoption, to thoroughly examine the impact of SAP adoption on crop productivity, crop productivity-influencing factors, and patterns in the relative contributions of various factors over time. The following section presents the findings and their implications for policy. Higher mean crop productivity within the adopter group indicates that the use of sustainable agriculture practices (SAPs) increases crop productivity. To encourage farmers to embrace SAP, policies that offer incentives for using these practices should be developed and promoted.

Subgroup analyses have revealed nuanced insights into the impact of different types of SAPs on crop productivity. Notably, adopting many SAPs simultaneously results in even greater production levels. Fascinatingly, the subgroup analysis revealed statistically significant variations between regions and crop types, indicating that SAPs are differently applicable in a variety of agricultural scenarios. Meta-regression analysis identified key factors that significantly influence crop productivity, including age, farm size, off-farm income, family size, credit access, market distance, cooperative membership (negative), and education and extension services (positive). These variables also contributed to the observed heterogeneity in the study. Therefore, it is imperative to design interventions that address these identified factors during the implementation of SAPs. The cumulative effect size analysis underscores the sustained positive impact of SAPs, with education and extension services emerging as particularly influential factors. Consequently, it is recommended that the government invest in educational programs and extension services for farmers, aiming to maximize the positive impact of sustainable agricultural practices. Continuous monitoring of cumulative trends is essential to adapt strategies and ensure a long-term positive impact on crop productivity.

The implementation of SAPs in Ethiopia should focus on promoting multiple sustainable practices, eco-friendly agricultural technologies, and irrigation techniques to enhance crop production. Additionally, targeted initiatives should prioritize underrepresented regions beyond Oromia, Amhara, Tigray, and the Southern Nations Nationalities Peoples’ region to ensure equitable adoption and impact across the country.

As a meta-analysis focused exclusively on Ethiopia, this study is limited in generalizability beyond the country’s context. Expanding future meta-analyses to include comparative or regional studies could provide broader insights into SAP adoption and impacts. Therefore, future efforts should integrate technology, community engagement, and interdisciplinary approaches to ensure SAP scalability and sustainability.
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